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Abstract 
Green leaf area index (LAI) provides insight into the productivity, physiological and 
phenological status of vegetation. Measurement of spectral reflectance offers a fast 
and nondestructive estimation of green LAI. A number of methods have been used 
for the estimation of green LAI; however, the specific spectral bands employed var-
ied widely among the methods and data used. Our objectives were (i) to find infor-
mative spectral bands retained in three types of methods, neural network (NN), par-
tial least squares (PLS) regression and vegetation indices (VI), for estimating green 
LAI in maize (a C4 species) and soybean (a C3 species); (ii) to assess the accuracy 
of the algorithms estimating green LAI using a minimal number of bands for each 
crop and generic algorithms for the two crops combined. Hyperspectral reflectance 
and green LAI of irrigated and rainfed maize and soybean were taken during eight 
years of observations (altogether 24 field-years) in very different weather condi-
tions. The bands retained in the best NN, PLS and VI methods were in close agree-
ment. The validity of these bands was further confirmed via the uninformative vari-
able elimination PLS technique. The red edge and the NIR bands were selected in 
all models and were found the most informative. Identifying informative spectral 
bands across all four techniques provided insight into spectral features of reflec-
tance specific for each species as well as those that are common to species with dif-
ferent leaf structures, canopy architectures and photosynthetic pathways. The anal-
yses allowed development of algorithms for estimating green LAI in soybean and 
maize with no re-parameterization. These findings lay a strong foundation for the 
development of generic algorithms which is crucial for remote sensing of vegeta-
tion biophysical parameters. 
Keywords: Remote sensing, Reflectance, Neural network, Partial least squares, Veg-
etation index, Maize, Soybean   
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1. Introduction 
Green leaf area index (LAI) provides insight into the productivity, physiolog-
ical and phenological status of vegetation as it is a measure of the photo-
synthetically active leaf area over ground area (Daughtry et al., 1992; Wat-
son, 1947). Green LAI is a useful metric for ecological (e.g. Evans et al., 2013; 
Hardwick et al., 2015), crop (Casa et al., 2012; Mishara et al., 2015), and car-
bon (e.g. Anderson et al., 2015; Gonsamo and Chen, 2014) models, among 
many others. Measurement of spectral reflectance offers a fast, nondestruc-
tive method for LAI estimation (e.g., Asrar et al., 1984; Delegido et al., 2015). 
A number of methods such as radiative transfer (e.g., Atzberger and Richter, 
2012), look-up tables (e.g. Duan et al., 2014), vegetation indices (VI; e.g., Liu 
et al., 2012), partial least squares (PLS; e.g. Darvishzadeh et al., 2011), neu-
ral networks (NN; e.g., Chen et al., 2015), or a combination of thereof (e.g. 
Liang et al., 2015) have been used previously for the estimating green LAI 
(see Verrelst et al., 2015 for a review). 
Early studies identified the red and NIR regions as sensitive to leaf area 
index, thus, reflectances in these regions are commonly used in VIs such as 
simple ratio (Jordan, 1969) and normalized difference (Rouse et al., 1974, 
Huete et al., 1997) among others. While these indices were found to be sen-
sitive to low LAI, they lose sensitivity as LAI increases above 2–3 (e.g. Tucker, 
1977). Thus, applicability of other spectral regions to estimate moderate-to-
high LAI was investigated. 
Sensitivity of reflectance in the red edge region to greenness/chlorophyll 
content of vegetation has been recognized for decades (Curran et al., 1991, 
1990; Danson and Plummer, 1995; Gitelson and Merzlyak, 1994; Horler et 
al., 1983; Vogelmann et al., 1993) and this spectral region was widely used 
for estimating vegetation biophysical parameters at leaf and canopy levels. 
Recently published reviews provide a summary of the multispectral and hy-
perspectral remote sensing efforts in more detail and the reader is referred 
to these articles for a more thorough understanding (Gitelson, 2011a,b; Hat-
field et al., 2008; Le Maire et al., 2008; Ustin et al., 2009; Verrelst et al., 2015). 
While the utility of the red-edge spectral region has been demonstrated 
in various studies, positions of red edge bands has varied widely from 690 to 
740 nm (e.g., Hatfield et al., 2008; Le Maire et al., 2008). Most of the models 
developed for green LAI estimation are based on data taken for one species 
or in one growth stage (see review of Verrelst et al., 2015). Only a few stud-
ies have investigated the applicability of algorithms for several species with 
no algorithm re-parameterization (e.g., Delegido et al., 2013; Nguy-Robert-
son et al., 2014). Performance of different techniques for green LAI estima-
tion has been compared, to our knowledge, only for one species (e.g., Sieg-
mann and Jarmer, 2015). 
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Our objectives were (i) to find informative spectral bands retained in three 
types of methods, PLS, NN, and VI, for estimating green LAI in maize (a C4 
species) and soybean (a C3 species); (ii) to assess the accuracy of the algo-
rithms estimating green LAI using a minimal number of bands in each crop 
and in two crops combined. 
2. Methods 
2.1. Site summary 
The study site was located at the University of Nebraska- Lincoln Agricultural 
Research and Development Center near Mead, Nebraska, which is a part of 
the AmeriFlux network. This study site consists of three approximately 65-
ha fields. Each field was managed differently as either continuous irrigated 
maize, irrigated maize/soybean rotation, or rainfed maize/soybean rotation. 
There were a total of 16 and 8 field-years for maize and soybean, respec-
tively, which had maximal green LAI values ranging from 4.3 to 6.5 m2m−2 
for maize and 3.0 to 5.5 m2m−2 for soybean. Specific details of these three 
fields (AmeriFlux sites Ne-1, Ne-2 and Ne-3) can be found in Verma et al. 
(2005) and Viña et al. (2011). 
2.2. Field measurements 
Located in each field were six 20 × 20 m plots that represented major soil 
and crop production zones (Verma et al., 2005). For estimating LAI, 6 plants 
were selected from one or two rows totaling 1 m length within each plot 
every 10–14 days. Sampling rows were alternated between collections to 
minimize edge effects. Samples were transported on ice prior to LAI mea-
surements using an area meter (model LI-3100, LI-COR, Inc., Lincoln, NE). 
LAI measurements were determined by multiplying the green leaf area or 
total leaf area per plant by the plant population in the plot. The field-level 
LAI was determined from the average of LAI measured at the six plots on a 
given sampling date. 
The hyperspectral data collection started in 2001 and ended in 2008 us-
ing an all-terrain sensor platform (Rundquist et al., 2014, 2004). Two radi-
ometers (model USB2000, Ocean Optics, Inc., Dunedin, FL) with a dual-fiber 
system were used to collect canopy reflectance in the spectral range from 
400 to 1100 nm with an approximate 2 nm resolution. The downwelling fi-
ber was fitted with a cosine diffuser to measure irradiance while the up-
welling fiber collected upwelling radiance. The upwelling fiber had a field 
of view of approximately 2.4 m in diameter since the height of the fiber was 
maintained at a constant height above the canopy throughout the growing 
season. The median of 36 reflectance measurements collected along access 
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roads into each field was used as the field-level reflectance measurement. A 
total of 278 spectra for maize and 145 for soybean were acquired over the 
study period (details are in Nguy-Robertson et al., 2014, 2012 and Viña et 
al., 2011). The reflectance measurements and LAI measurements were not 
always concurrent. Since LAI changes gradually, spine interpolations were 
taken between destructive LAI sampling dates for each field in each year us-
ing Matlab (V. 7.9.0.529, The MathWorks, Massachusetts, USA; Nguy-Rob-
ertson et al., 2012). 
2.3. Data analysis 
A reference green LAI value was available for each reflectance measurement. 
The errors of green LAI estimation were calculated separately for maize and 
soybean as well as for maize and soybean combined. 
Two different non-parametric regression methods and VIs were selected 
for LAI estimation – partial least square (PLS) regression (Brereton, 2005) 
and neural networks (NN; Haykin, 2005). Both methods are commonly used 
in remote sensing (e.g., Baret et al., 2009; Siegmann and Jarmer, 2015). The 
NN method was used for development of the LAI product of future space 
systems (Baret et al., 2009). To ensure a fair comparison between the differ-
ent methods the same calibration and validation sets were used in all the 
methods. 
Much of the information content within reflectance spectra may be re-
dundant and can be explained with fewer than 466 spectral bands. We used 
uninformative variable elimination PLS (UVE PLS; Cai et al., 2008; Centner 
et al., 1996) to identify the most informative spectral regions of the hyper-
spectral data. This method has been used previously to find informative 
spectral bands for leaf chlorophyll and carotenoid content estimation (Kira 
et al., 2015). UVE PLS assists in reducing the data dimension by eliminating 
spectral data which are uninformative or redundant. The reliability measure 
cλ computed for each wavelength range allows the elimination of less infor-
mative wavelengths: 
cλ  = b‾λ /std(bλ) 
where bλ  is the wavelength dependent regression coefficient originated 
from the PLS regression, and std(bλ) is the standard deviation of the regres-
sion coefficient vector. A smaller absolute value of the reliability measure in-
dicates that the data are less informative and can be removed at the user’s 
discretion. For the UVE-PLS computation 50% of the data was used. The re-
flectance measurements at 2 nm resolution were grouped into non-overlap-
ping spectral bands which included five reflectances, e.g., the band centered 
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at 700 nm included the reflectance at 696 nm, 698 nm, 700 nm, 702 nm, 
and 704 nm. Information content of reflectance spectra of both crops com-
bined, for data with 2 nm and these data resampled to 10 nm resolution, is 
shown in Fig. 1. It can be seen that data with 10 nm resolution adequately 
presented the information content of reflectance spectra. Thus, resampling 
to 10 nm resolution minimized the loss of information content while greatly 
decreasing the processing time for NN and PLS. 
The training and validation process used a number of 10 nm spectral 
bands which varied depending on the modeling method. During the training 
process all possible combinations of the spectral bands were tested. Unless 
otherwise stated, each band combination was tested 20 times using 50% of 
the measurements (selected randomly), resulting in 20 models altogether. 
For each combination, the error measures reported below correspond to the 
average error of all 20 models. Four error measures were chosen to assess 
the performance of the models (Simon et al., 2012): normalized root mean 
square error (NRMSE), coefficient of determination (R2), mean normalized 
bias (MNB), and normalized mean bias (NMB). 
The NN method was trained with a single spectral band (40 models) or 
two (821 combinations), three (10,661 combinations), four (101,271 com-
binations), and five (749,399 combinations) 10 nm bands. Due to the pro-
cessing time, the 5-band NN model was tested 5 times rather than 20 times 
for each combination. 
The NN used in this study was a standard two-layer feed-forward network 
with sigmoid transfer functions. The Levenberg–Marquardt algorithm was 
selected for the training process. The stopping criteria included the perfor-
mance error (1 × 10–5), minimal gradient (1 × 10–15), Marquardt adjustment 
parameter (1 × 1010), and maximum number of iterations (100). PLS models 
were calibrated with the same training and validation sets as the NN models. 
The VIs used for LAI estimation were normalized difference (ND) and 
chlorophyll index (CI): 
ND = (ρ1 – ρ2)/(ρ1 + ρ2) 
CI = ρ1/ρ2 – 1 
where ρ1,2 are reflectances at 10 nm width spectral bands. In this study all 
the possible combinations of bands (821) were tested to find the optimal 
one for the specific dataset based on NRMSE. The VIs were fitted to the cor-
responding green LAI values by using a 2nd order polynomial, a function 
commonly used for reflectance model vs. green LAI relationships (e.g., Hat-
field et al., 2008).  
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3. Results and discussion 
3.1. Accuracy of green LAI estimation 
To find the optimal number of bands used by the NN and PLS methods, the 
accuracy of green LAI estimation in maize and soybean separately and com-
bined was assessed (Table 1). For NN, the optimal number of 10 nm spectral 
bands (each contains 5 wavelengths) was four as the difference between four 
and five bands was less than 0.2% (Fig. 2). For PLS, only three 10 nm bands 
were necessary as the improvement from three to four spectral bands was 
only 0.3% (Fig. 2). 
The NN method had the highest accuracy of green LAI estimation in 
terms of NRMSE and bias for each crop and both crops combined (Fig. 3, 
Table 1). The algorithms produced by any of the three methods were able 
to estimate green LAI in both crops combined without re-parameterization 
for each crop with NRMSE below 8.6% (Figs. 3 and 4; Table 1). 
3.2. Spectral bands selection 
All three methods, NN, PLS and VI, using a small number of selected spectral 
bands, demonstrated high accuracy estimating green LAI of both maize and 
soybean separately as well as of the two crops combined. Identifying these 
spectral bands across three methods provides insight into spectral features 
of reflectance specific to each species as well as those common to species 
with very different leaf structure and canopy architecture such as soybean 
and maize. Identifying these spectral bands also allows development of algo-
rithms for estimating green LAI in these crops with no re-parameterization. 
Firstly, UVE PLS was applied to evaluate quantitatively the information 
content of reflectance data for green LAI estimation. Centner et al. (1996) 
cautions that this approach is not for band selection, but it is a way to elim-
inate variables that are useless. The magnitude of the reliability parameter 
was used in our study as an indicator of useful information contained in re-
flectance spectra. This parameter was then compared with the most infor-
mative bands identified by the other methods (NN, PLS and VIs). 
The main features of the absolute reliability parameter spectra for both 
crops combined were prominent peaks in the red edge range, 700 through 
740 nm, and NIR range, above 760 nm (Fig. 1). Importantly, the reflectance 
in main absorption bands of chlorophylls in the red range of the spec-
trum (around 660–680 nm) and in the blue (400–500 nm) were amongst 
the least useful variables. Notably, the reliability parameter spectra of the 
two highly contrasting crop species, maize and soybean, were remarkably 
similar (not shown). 
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In the next step we analyzed the selection of the optimal spectral bands 
by the various methods. For individual crops and the maize and soybean 
combined, NN retained two bands in the red edge (710–730 nm) and NIR 
(above 760 nm). All of the ten top combinations of spectral bands providing 
maximal accuracy retained red edge and NIR bands and resulted in NRMSE 
for the two crops combined below 9.2%. When NN with three spectral bands 
was used, in addition to the red edge and NIR bands, the third band was lo-
cated either in the blue or red range of the spectrum. This resulted in reduc-
ing the NRMSE to 8.3%. When NN used four spectral bands, an additional 
red edge band was retained (Fig. 5A). Thus, NN with four spectral bands, 
NIR, two bands in the red edge range, one of them at 700–710 nm and an-
other at 720–730 nm, and either blue or red, was able to estimate green LAI 
in two crops combined with a NRMSE below 7.7%. 
Similar to NN, PLS based on two spectral bands retained the red edge 
(710–730 nm) and NIR (above 760 nm) bands and was able to achieve a 
NRMSE for the two crops combined below 9.8%. PLS based on three spec-
tral bands, in addition to the red edge and NIR bands retained a third band 
located in either the blue (410–470 nm) or red (670–680 nm) range (Fig. 5B); 
it decreased the NRMSE to 8.5%. 
For the two formulations of VIs tested, the red edge (710–720 nm) and 
NIR (above 750 nm) bands were essential for green LAI estimation in maize 
and soybean and both crops combined. These bands were in all ten top 
combinations of the spectral bands bringing NRMSE below 8.5% for maize, 
9.8% for soybean and 8.7% for crops combined (Fig. 5C and D). 
It is instructive that the spectral band selection for VIs coincided consis-
tently with bands selected by the two other methods, NN and PLS as well as 
with informative spectral regions identified by UVE PLS. Since reflectances 
in the NIR range between 760 and 800 nm are closely related (R2 was above 
0.9), the position of the NIR band in the range 760–800 nm was not critical 
and did not affect the accuracy of green LAI estimation. However, the po-
sition of the red edge band does have an effect on accuracy of estimation 
(Nguy- Robertson et al., 2014). 
To determine the effect of band position on the accuracy of green LAI 
estimation by the CI = (ρNIR/ρλ) – 1, the position of the NIR band was fixed 
at 780 nm and the position of the band in the denominator was allowed to 
change from 400 to 750 nm. The NRMSE was calculated for each position of 
the spectral band in the denominator (Fig. 6). The spectra of NRMSE for each 
crop and the two crops combined had similar shapes with two pronounced 
minima in the green range (around 550 nm) and in the red edge range 
around 720 nm. Thus, CIred edge with a spectral band at 710–730 nm allowed 
green LAI estimation in both crops combined with a NRMSE below 8.5%. 
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PLS and NN are by no means the ultimate modeling tools and other re-
gression approaches such as random forests or Gaussian processes regres-
sion should also be investigated (Verrelst et al., 2015). However, we believe 
it to be unlikely that such approaches would result in the selection of other 
spectral ranges. The fact that the same spectral bands bring the highest ac-
curacy of green LAI estimation by all three methods, and were confirmed 
by UVE PLS, gives strong confidence that these band combinations are in-
deed the most informative ones and the result is not merely an artifact of 
the modeling approaches. 
To understand the selection of optimal spectral bands by all four meth-
ods, we analyzed relationships between reflectance at informative spectral 
bands and green LAI (Fig. 7). Reflectance in the blue (not shown) and the 
red range of the spectrum was sensitive to low-to-moderate green LAI be-
low 3 m2m−2, widely used for green LAI estimation (Fig. 7A). Note almost 
the same sensitivity of red reflectance to green LAI below 3 m2m−2 for both 
species which likely explains the increase in accuracy of green LAI estima-
tion when either blue or red bands were used as the last informative band 
by PLS and NN – (third and fourth respectively; Fig. 5A and B). It also ex-
plains the increase in information content of blue and red reflectance indi-
cated by UVE PLS for the two crops combined (Fig. 1). 
However, when LAI exceeded 3 m2m−2, reflectance in these two regions 
became almost invariant and insensitive to increasing green LAI (Fig. 7A). 
The saturation of the reflectance vs. green LAI relationship at moderate to 
high green LAI in the red range is due to the high chlorophyll absorption 
coefficient in this spectral range (e.g., Buschmann and Nagel, 1993; Mer-
zlyak and Gitelson, 1995; Tucker, 1977). This resulted in saturation of leaf ab-
sorption at low chlorophyll content (below 200 mg m−2), corresponding to 
slightly green leaves (Gitelson and Merzlyak, 1994). This saturation of ab-
sorption and reflectance prevents using these spectral bands for green LAI 
estimation above 3 m2m−2 (Gitelson et al., 2003; Nguy-Robertson et al., 2012; 
Tucker, 1979; Viña et al., 2011). 
In the red edge range, the depth of light penetration into leaf and can-
opy is higher than in the red (Fukshansky, 1981; Fukshansky et al., 1993; Mer-
zlyak and Gitelson, 1995) and canopy reflectance becomes more sensitive 
to green LAI (Fig. 7C for wavelength 710 nm). Reflectance in the red edge is 
much higher than in the visible range especially for moderate to high green 
LAI (7–12% in red edge range vs. 1–2% in the red and blue ranges). Thus 
the upwelling radiance in the red edge range is higher and less noisy which 
adds to the advantage of using red edge bands for green LAI estimation. 
Importantly, with increases of green LAI, reflectance of both crops in the 
range between 690 and 720 nm decreased (Fig. 7B) with soybean reflectance 
remaining higher than in maize. In contrast, at wavelengths above 730 nm, 
reflectance of both maize and soybean increased with soybean reflectance 
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consistently higher than that of maize. In the range around 730 nm reflec-
tance of both crops was almost invariant with consistently higher soybean 
reflectance (Fig. 7C). This point of equilibrium is a result of the tradeoff be-
tween chlorophyll absorption, which is a greater factor at shorter wave-
lengths, and scattering, which becomes the governing factor at wavelengths 
beyond 730 nm. 
For algorithm development, that does not require reparameterization for 
each crop, the relative positions of maize and soybean reflectance vs. green 
LAI relationships are critically important (Fig. 7). In the red edge range, light 
penetrates deeply inside the leaf and the different structures of maize and 
soybean leaves do not affect leaf absorption. Thus, the main factor affect-
ing reflectance in this range is the starkly different canopy architectures 
with higher scattering by soybean. In the red edge, soybean reflectance is 
higher than that of maize (Fig. 7B). The same is true for NIR reflectance (Fig. 
7D). Such consistent relative positions of reflectance vs. green LAI relation-
ships in the red edge and in the NIR was the reason for the accurate green 
LAI estimation in both crops by VIs (Fig. 8). For the same reason, both NN 
and PLS techniques consistently used NIR and red edge bands. This result 
agrees well with those reported in other studies (e.g., Clevers and Kooistra, 
2012; Delegido et al., 2013). 
4. Conclusions 
Over the last few decades, technological developments have made it possi-
ble to remotely assess green LAI, one of the main factors in vegetation pro-
ductivity and physiological status. The focus of this study was to identify in-
formative spectral bands for four types of methods, neural network, partial 
least squares regression, uninformative variable elimination PLS technique, 
and vegetation indices, and test their performance for estimating green LAI 
in two contrasting C3 and C4 crop species, maize and soybean, using mul-
tiyear observations. Hybrids tested had the greatest architectural diversity 
available, providing dramatically different canopy light environments. 
The spectral intervals selected in all four types of methods, NN, PLS, VIs 
and UVE PLS, correspond to fundamental spectral features of pigment ab-
sorption, reflectance and leaf/canopy scatterings. The consistency of the 
spectral bands retained by PLS and NN as well as VIs is quite remarkable, in-
dicating the robustness of the band selection. A very important result is that 
all techniques tested were not species-specific for two contrasting crops with 
biochemical, structural, and abiotic differences. This finding allows for accu-
rate green LAI estimation in these crops without re-parameterization of the 
algorithms. Several studies have shown that algorithms calibrated over Ne-
braska sites have been applicable to accurately estimate maize yield across 
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the U.S.A. (Sakamoto et al., 2014), maize and soybean gross primary produc-
tion across the corn belt (Gitelson et al., 2012), and green LAI of wheat and 
potato grown in Israel (Nguy-Robertson et al., 2014). Thus, it is likely that 
the models developed in this study may be applicable in other agroecosys-
tems. If these results are confirmed for other species, spatial resolution re-
quirements of aircraft and satellite observations would be less restrictive by 
tolerating mixed pixels containing different crops. The analysis presented 
in this study is an important step in the development of generic algorithms 
crucial for remote sensing of vegetation biophysical parameters.   
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Table 1. Descriptive statistics of the relationships between green LAI measured and estimated by NN, 
PLS regression, and VIs, CIred edge and red edge normalized difference (NDred edge). NRMSE is root mean 
square error normalized to range of green LAI variation (%), R2 is coefficient of determination, MNB 
is the mean normalized bias (%), NMB is the normalized mean bias (%). 
 NN     PLS 
 NRMSE  R2  MNB  NMB  NRMSE  R2  MNB  NMB 
Maize  7.6  0.92  7.5  −0.29  8.7  0.89  5.9  0.21 
Soybean  8.6  0.9  −1.9  −1.94  9.0  0.89  −6.4  −4.12 
Two crops combined  7.7  0.92  4.4 −0.73  8.5  0.90  1.8  −0.94
 
 Red edge ND    Red edge CI 
 NRMSE  R2  MNB  NMB  NRMSE  R2  MNB  NMB 
Maize  8.5  0.90  9.8  −0.77  8.3  0.90  10.9  −0.55 
Soybean  9.7  0.87  1.8  0.44  9.5  0.87  3.3  −0.23 
Two crops combined  8.6  0.90  7.1  0.45  8.5  0.90  8.4  −0.47 
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Fig. 1. Reliability parameter calculated using uninformative variable elimination PLS 
technique for green LAI estimation in the two crops combined plotted versus wave-
length of reflectance taken with 2 nm and 10 nm resolution.  
Fig. 2. Normalized root mean square error (NRMSE) of green LAI estimation in 
maize and soybean combined as function of number of spectral bands used by NN 
and PLS regression.  
Fig. 3. Normalized root mean square error (NRMSE) of green LAI estimation in 
maize, soybean and in two crops combined by NN with four bands, PLS regression 
with three bands and CIred edge using two bands. 
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Fig. 4. Green LAI predicted in maize and soybean combined by (A) NN, (B) PLS re-
gression and (C) CIred edge.  
Fig. 5. Ten top band (10 nm width) positions retained for estimating green LAI in 
maize and soybean combined by (A) NN with 4 spectral bands, (B) PLS regression 
with 3 spectral bands, (C) CIred-edge using two bands and (D) NDred-edge using two 
bands.  
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Fig. 6. NRMSE of green LAI estimation by CI = (ρNIR/ρλ) − 1 plotted versus wave-
length λ. The position of the NIR band in the numerator was fixed at 780 nm.  
Fig. 7. Relationships between reflectance and green LAI (in m2 m−2) for maize and 
soybean: red range at 670 ± 5 nm (A), red edge range at 710 ± 5 nm (B) and at 730 
± 5 nm (C), NIR range at 780 ± 5 nm (D).  
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Fig. 8. Relationships between red edge chlorophyll index (CIred edge) and green LAI 
for maize and soybean combined.   
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